In this study we used company level administrative data from the National Labour Inspectorate and The Polish Social Insurance Institution in order to estimate the prevalence of informal employment in Poland in 2016. Since the selection mechanism is non-ignorable we employed a generalization of Heckman's sample selection model assuming non-Gaussian correlation of errors and clustering by incorporation of random effects. We found that 5.7% (4.6%, 7.1%; 95% CI ) of registered enterprises in Poland, to some extent, take advantage of the informal labour force. Our study exemplifies a new approach to measuring informal employment, which can be implemented in other countries. It also contributes to the existing literature by providing, to the best of our knowledge, the first estimates of informal employment at the level of companies based solely on administrative data.
Introduction
Empirical research on the shadow economy is extremely difficult, given limited knowledge about the characteristics of informal workers. Those who work informally want to protect their anonymity, which makes data collection problematic. Assessing the scale of informal activities calls for great accuracy. Moreover, informal employment can take many forms: there are workers who have an informal job in addition to being formally employed; there are those who choose to work "off the books"; and, finally, workers who are not allowed to work legally (such as immigrants) (Schneider, 2002) . A simple division into the formal and informal sector is impossible, since there are many forms of informal work which occurs in registered enetrprises. According to the definition proposed by the Organisation for Economic Co-operation and Development (OECD), informal employment covers employment engaged in the production of legal goods and services but where one or more of the legal requirements usually associated with employment are not met (Venn, 2008) . According on the above definition, informal workers include those who are not registered for mandatory social security, who are paid less than the legal minimum wage or work without a written contract, falsely self-employed, those underreporting their income and entirely unregistered companies (Venn, 2008) . At the same time, according to estimates of Statistics Poland, the undeground economy accounted for 12.9% of Poland's GDP in 2016,with 10 .8% of GDP generated by unreported economic activity in registered entities (Statistics Poland, 2018) .
Similarly, the survey module "Nonstandard forms of employment and unregistered employment" carried out in parallel with the Polish Labour Force Survey (LFS) in 2014 indicates that 26.5% of employers offering unregistered work were private companies (Statistics Poland, 2015) . Importantly, most available data on informal employment come from surveys, which implies an underestimated level of the phenomenon, because respondents are not willing to report their informal activities. It has been assumed that survey-based studies of informal employment and the shadow economy indicate only the lower boundary of this phenomenon. Moreover, other disadvantages of survey data include high non-response rates, probably owing to the topic of the survey, and dishonest responses (ILO, 2013) . The informal economy is also studied from the enterprise perspective, but such studies are much less frequent. The fifth round (2012) (2013) (2014) (2015) (2016) of The Business Environment and Enterprise Performance Survey (BEEPS), which is a firm-level survey of a representative sample of the private sector, shows that almost 27% of surveyed enterprises in Poland compete against unregistered or informal firms 1 .
In view of the above, there is a need for an alternative measure of informal activities.
In this study we propose using enterprise administrative data on informal employment in order to estimate the prevalence of this phenomenon. We used data from two administrative sources: the National Labour Inspectorate (later on referred to by its Polish acronym: PIP) and The Polish Social Insurance Institution (later on referred to by its Polish acronym: ZUS) to assess the magnitude of informal work conducted in registered enterprises in Poland. In 2016 PIP inspected 26,261 companies employing a total of 161,927
workers, of whom 21,285 were employed illegally on the day of or prior to the inspection.
The illegal status is defined as employment without a formal agreement or lack of registration for mandatory social security. This makes PIP data the biggest source of information about the grey economy in Poland. Despite the size, the source has two main shortcomings.
First, data collected by PIP are a purposive sample, i.e. one that includes companies that are more likely to employ informal workers. Moreover, PIP is divided into 16 District Labour Inspectorates, which independently inspect companies and their staff (for more information see B.1). As a result, these data are highly non-representative of the whole economy. To overcome this limitation, we view the problem in the context of the missing data mechanism and treat the selection mechanism as non-ignorable (Rubin, 1976) . In our study we applied a bivariate probit-logit sample selection model assuming non-Gaussian (copula) correlation between errors resulting from selection and the outcome model. This approach is an extension of Heckman's classical sample selection model (Heckman, 1979; Marra and Radice, 2017; Wojtys et al., 2016) .
Second, definitions of the target variable and the population are based on the act regulating the functioning of PIP and other acts regarding the organization of the labour market. PIP inspectors have the right to inspect documents on employment up to three years back. Unfortunately, the reporting form used by inspectors does not contain such information, so it is not possible to identify the reference period. Fortunately, PIP categorizes employees into two groups: current and former employees, with current employees further divided into illegally employed on the day of or prior to the inspection. PIP collects data separately for Polish citizens and foreigners. Our study was limited to inspections concerning Polish citizens who were currently employed.
We defined the the target population as enterprises that are active payers of health insurance contributions according to the ZUS register. For more details regarding the definition, see Appendix A.3. The reason for choosing this definition of the target population is given later on.
The article provides two contributions to the literature. First, we propose an approach to estimating informal employment, which is based solely on register data in order to increase the reliability of the results. Second, we focus on the population of firms and analyse company characteristics (such as size) that increase the probability of using informal employees. We then apply a novel technique that accounts for a non-Gaussian correlation of errors in the selection and the outcome equation and clustering by incorporating random effects in a generalization of Heckman's sample selection model.
We found that 5.7% (4.6%,7.1%; 95% CI) of registered enterprises in Poland to some extent take advantage of informal labour force. Our study exemplifies a new approach to measuring informal employment, which can be implemented in other countries. It also contributes to the existing literature by providing, to the best of our knowledge, the first estimates of informal employment at the level of companies based solely on administrative data.
The structure of this article is as follows: section 2 presents a review of the literature on informal work in Poland, section 3 describes administrative data, section 4 describes approaches to dealing with the non-ignorable selection mechanism and the selected method, section 5 shows our results and section 6 is the conclusion.
Review of literature on informal work
First of all, it is necessary to draw a distinction between the way the informal sector is measured in developed and developing countries, which is connected with different determinants of informal activities in each group of countries (Goel and Nelson, 2016) . The informal sector in low and medium-income countries accounts for ca. 40% of non-agriculture employment, or an even higher percentage in Sub-Saharan Africa, Latin America and the Caribbean and South and East Asian countries (ILO, 2011) . This phenomenon is mainly associated with unregistered and unregulated small-scale activities conducted by the urban poor (Bernabè, 2002) . Therefore, the majority of available literature is devoted to informal employment in developing countries. In developed countries the informal sector is considerably smaller but more heterogeneous and less documented. In view of the above, our review is limited to the existing studies concerning developed countries, mostly European ones, given the fact that our novel approach of measuring informal employment was applied to the Polish economy.
Despite the clandestine nature of informal activities, survey estimates are still a popular way of measuring the scale of informal employment. Since the main focus of our study was to measure informal employment, not the informal (shadow) economy as a whole, below we mention the exiting methods of measuring informal employment. A cross-country labour force survey of undeclared work in the European Union was conducted by the European Commission in 2007 and 2013 (European Commission, 2007 . In the newest release (2014) 4% of respondents reported carrying out undeclared paid activities apart from regular employment in the past year (European Commission, 2014) . Most studies are based on national surveys using proxies for informal employment. Bernabè (2002) used data from the Georgia Labour Force Survey (1998, 1999) to distinguish the following categories of informal workers: own-account workers and employees working in household enterprises, unpaid contributing family workers, workers employed under oral agreements, workers employed casually or temporarily and workers with formal primary jobs and informal secondary jobs.
Di Caro and Nicotra (2016) Because of the obvious challenges in measuring informal activities, some researchers use a novel alternative approach to track the informal sector. Autio and Fu (2015) the share of informal employment at the level of 6.5% (Hazans, 2011) . The above review
shows that measurements of informal employment based on survey data yield different results and therefore may be less reliable than estimates based on administrative data.
Data
To estimate the prevalence of informal employment we used administrative data from inspections conducted by the National Labour Inspectorate (PIP). PIP is an authority established to supervise and enforce compliance with the Labour Code. A detailed description of the PIP structure its data collection process is provided in Appendix A. As mentioned in the introduction, companies to be audited are not selected at random, so this mechanism must be taken into account. According to PIP authorities, companies are selected taking into account the following (Chief Labor Inspectorate, 2017):
• industries with the largest number of irregularities detected in previous years,
• entities employing a small number of workers (micro and small enterprises),
• complaints and requests sent to PIP,
• notifications from other authorities,
• the monitoring of the media (e.g. online forums),
• knowledge of local conditions and the specifics of the labor market,
• analyses obtained from units of local government.
During the selection procedure PIP uses basic information from the National Official Business Register (later on referred to by its Polish acronym: REGON) maintained by Statistics Poland. The variables include address, NACE code (for the main type of activity) and company size.
The REGON register is not suitable as a source for population data because of the following drawbacks. Once a company is included in the register, its information is rarely updated. This leads to overcoverage resulting from the lack of up-to-date information about the company's activity and a measurement error in the number of employees relative to what is declared at the time of registration. These problems concern mainly micro and small firms.
Therefore, we decided to use data from the Social Insurance Institution (ZUS) to describe the target population. ZUS is a state organizational unit with its own legal status , which collects citizens' social insurance and health contributions and distributes benefits and allowances (e.g. old-age pensions, disability pensions, sickness benefits or maternity benefits) and maintains individual insurance accounts. Finally, because of a small number of inspections in 2016 we decided to exclude from the population the following industries: Mining and quarrying (Section B); electricity, gas, steam and air conditioning supply (Section D) and public administration and defence, compulsory social security (Section O). We also excluded contribution payers that only paid their insurance contributions. The data preparation procedure is described in Appendix A.2.
PIP registers show that in 2016 there were almost 26,000 inspections, which accounted for almost 3% of the population consisting of around 870,000 companies (according to ZUS). Naïve estimate of informal employment according to PIP data was almost 32%.
Figure 1 presents discrepancies between presents discrepancies between the share that each section accounted for within the target population, the group of companies selected by PIP and those which employed illegally. Within each group percentages add up to 100.
Detailed information is presented in the Appendix B.1.
The biggest number of inspections were held in the following sections: wholesale and retail trade, repair of motor vehicles and motorcycles (34%, section G), manufacturing (18%, section C) and construction (14%, section F) since those sections are believed to be the ones most affected by informal employment. Indeed, the shares of informal workers inspected in those sections are the highest in the whole economy: 33% in section G, 17% in section C and 14% in section F, which confirms the initial assumptions about the prevalence of informal workers in those sections. This means there is a correlation between characteristics of companies that are selected and those that do not comply with the regulations.
Moreover, special attention is paid to companies employing a small number of employees 2 fr. Nomenclature statistique des activitéséconomiques dans la Communauté européenne (micro and small enterprises), which are the ones most frequently found in violation of the regulations regarding the legality of employment. In 2016 most inspections were held in companies employing up to 9 people (70 %) and from 10 to 49 (24%). Firms in the second and fourth group are oversampled in the PIP selection. In fact, the magnitude of informal employment can mainly be attributed to micro enterprises, where informal workers account for over 66% of all employees, and in small enterprises where the share of informal workers is almost 30%. As expected, the prevalence of informal employment is mainly associated with micro and small enterprises, while the phenomenon is rather negligible in medium and large companies..
While the share of companies selected for inspections and found to be non-complying across sections was similar, there are differences when company size is taken into account.
The share of companies in the second group (10-49 employees) and fourth group (250+) found to employ illegally was actually greater than the percentage selected for inspection, while the opposite was true for micro companies.
Estimation under a non-ignorable selection mechanism
There are several approaches to dealing with non-random samples with a non-ignorable selection mechanism (i.e. not missing at random; NMAR). Sikov (2018) The problem is not new and first attempts to tackle it were made in late 1950s by James
Tobin and then in 1970s by James Heckman. Heckman (1979) proposed a model that can account for the selection mechanism by jointly modelling the selection and target variable assuming a Gaussian correlation of errors between these equations. That model was further developed to account for other distributions of errors, notably copulas, and assuming semiand non-parametric models.
Another approach was taken by Sverchkov (2008) ; Pfeffermann and Sikov (2011); Riddles et al. (2016) , who considered a model for the outcome variable assuming complete response and a model for the response probability, which is allowed to depend on the outcome and auxiliary variables. When combined, the two models yield a "respondents model". In all of these approaches it is important to have an instrumental variable that is associated either with the selection or the target variable but not with both (see Riddles et al. (2016); Wang et al. (2014) ).
In the article we also discuss an extension of Heckman's sample selection model, which takes into account a non-Gaussian distributions of errors, a family of exponential distributions and random effects. There are examples in the literature on official statistics that take into account such models to correct the selection error (for example, copulas are discussed in Dalla Valle (2016)) but as far as we know the use of these models is limited.
Generalized Heckman-type sample selection models

Specification of the model
In this section we follow the notation introduced by Marra and Radice (2017) .
for i = 1, ..., N , where N represents the size of the target population. The probability of event (Y i1 = 1, Y i2 = 1) can be defined as:
where P (Y ij = 1) = 1 − F j (−η ij ), for j = 1, 2 and F (·) is the cumulative distribution function (cdf) of a standardized univariate distribution (e.g. binomial), η ij ∈ R is an additive predictor, C denotes a bivariate copula and θ i is an association parameter measuring the dependence between the two random variables.
Further, let Y * ij be a continuous latent variable associated with P (Y ij = 1), which is given by:
where i is an error term and Y ij can be treated as an indicator variable Y * ij > 0. Therefore,
The log-likelihood function of the sample can be expressed as:
where 1 abi is an indicator function equal to 1 when (y i1 = a, y i2 = b) is true, a, b ∈ {0, 1}
and y i1 , y i2 are realisations of Y i1 , Y i2 respectively.
We assume that Y 1 and Y 2 follow the Binomial distribution and are given by the following set of equations:
and
1 if company i employs at least one person informally, 0 otherwise.
The selection and outcome equation can be modelled with probit, logit or cloglog link function. The question of which of these functions to select will be discussed in section 5.
Specification of the additive term
Let η ji be a generic additive predictor and overall vector of covariates denoted by z ji . The predictor can be expressed as:
where β j0 ∈ R is an overall intercept, z jk j i denotes the k th j sub-vector of the complete vector of z ji and the K j functions s jk j (z jk j i ) represent generic effects which are chosen according to the type of covariate(s) considered. Each s jk j (z jk j i ) can be approximated as a linear combination of Q jk j basic functions b jk j q jk j (z ji ) and regression coefficients β jk j q jk j ∈ R, namely:
The notation can be simplified in the following way. Let Z jk j β jkj be defined as:
with β jk j = β jk j 1 , . . . , β jk j Q jk j and design matrix Z jk j [i, q jk j ] = b jk j q jk j (z jk j i ). Given this, we can rewrite (6) as:
where 1 N is an N -dimensional vector made up of ones.
In our calculations we used the implementation of this model in the GJRM package (Marra and Radice, 2017 ) and the SemiParSampleSel (Wojtys et al., 2016) in the R language (R Core Team, 2018). The packages can be used to specify linear and random effects as well as non-linear effects. The implementation makes use of the mgcv package (for more details see Wood (2017)). Table 1 : Definitions of copulas used in the modelling procedure
Specification of Copulas
Note: Families of copulas implemented in SemiParSampleSel, with the corresponding parameter range of association parameter θ. Φ 2 (·, ·; θ) denotes the cumulative distribution function of a standard bivariate normal distribution with correlation coefficient θ and Φ(·)
denotes the cdf of a univariate standard normal distribution. Kendall's τ includes
the selection and outcome equations is described by copulas denoted by C(·, ·; θ). The appropriate relationship should be selected in line with expectations about the selection process. Since we expected a positive correlation between Y * 1 and Y * 2 because of the design of the purposive sample, we selected copulas that assume this type of relationship, namely:
Clayton, Gumbel, Joe and Ali-Mikhail-Haq (AMH) copulas. As a reference, we used standard Normal copula that assumes the bivariate normal distribution. For this reason, our description of copulas is limited to the these five. Table 1 provides definitions of the five copulas including their distribution, parameter space and Kendall's τ . Only normal and AMH copulas have the parameter space ranging from -1 to 1, which may indicate a negative or positive relationship between two distributions. In order to verify the correlation between the selection and outcome variables for all the copulas, the Kendall's τ measure should be used (cf. Wojtyś et al. (2018) ).
Estimators
In our study we were interested in estimating the prevalence of informal work in companies in Poland, so the target quantity is given by:
where N denotes sthe ize of the target population and Y 2 is defined as previously. As we did not observe Y 2 for the whole population, Y prev should be estimated based on PIP data.
We compared the proposed estimator based on a generalized Heckman's sample selection model with estimators assuming an ignorable selection mechanism.
• Proposed estimator (generalized Heckman's; GH) is given by (11)
where 1−F 2 (η 2i ) is the estimated prevalence of informal work based on the generalized Heckman's model for each unit i in the target population. We also report results for specific domains denoted by d of size N d and the estimator is given by:
• The naïve, i.e. simple average, based on PIP data is given by the following formula:
• Propensity-score weighted estimator is given by the following formula:
where π(·;φ) denotes the propensity score of being observed in the PIP sample under an ignorable selection mechanism andφ is a vector of parameters of the propensity score model. We used logistic regression to estimate π(·) .
We provide variance estimates only for the proposed estimator (11) using a Bayesian posterior simulation described in Marra and Radice (2017, section 2.3) .
The process of model selection was based on AIC given by −2 (δ) + 2edf and BIC −2 (δ) + log(N )edf , where is evaluated using penalized parameter estimates, edf represents effective degrees of freedom and δ = (β 1 , β 2 , θ) is a parameter vector estimate including the additive term and copula parameters.
Results
Description of the models
Prior to choosing appropriate copulas for the selection model to estimate the prevalence of informal work we selected variables for the selection and the outcome equation. district (380 Local Administrative Units Level 1; LAU 1) and complaints (the number of complaints sent to PIP relative to the total number of companies at district level) were used as instrumental variables associated with the selection mechanism while unemployment (i.e. the unemployment rate at district level) was used as an additive term associated with the outcome variable with thin plate splines. NACE section and company size, as defined in B.1, were used in both models.
The same set of variables was chosen for the propensity weighted estimator to estimate the probability of selection using a generalized linear mixed model.
First, we determined which link functions should be used to model the selection and outcome variables. We calculated 20 models, obtained by combining 4 link functions (logit, probit) and the five copulas. As can be seen in Table 9 , the lowest AIC values were obtained for the probit link function in the case of the selection and for the logit link function with respect to the outcome equation. We chose this model in the subsequent stage of the estimation process.
Then, using the selected variables, we compared five models to choose appropriate copulas from the ones discussed in section 4.1.3. The selection was based on AIC and BIC and the results are shown in Table 2 . The table also includes information about the estimated prevalence of informal employment ( Y GH prev ). Based on these results we selected the Gumbel copula because of the lowest value of the information criteria. The estimated prevalence from this model was 5.75%. We also compared the models by visual inspection of the copulas and the results in Finally, as expected, the Normal copula suggests that there are no differences between companies selected for inspection in terms of whether they employ formally and informally.
Both ends of the bivariate distribution are equally likely.
Keeping that in mind, we chose a generalized Heckman's sample selection model with the Gumbel copula. A detailed description of the estimated model is presented in Appendix C.2. We used this model for further comparisons and for the estimation of the prevalence of informal employment in Poland. Table 3 According to the naïve estimator, the prevalence of informal work was equal to 32%, which means that a third of companies in Poland engaged in illegal employment -an obvious overestimation. The propensity score weighted estimator is equal to 34.54%, which is even higher than the naïve estimator. The estimate of nearly 6%, produced by the generalized Heckman's model, seems to be more plausible and means that PIP correctly selected 14.5% of such companies. A detailed comparison of the generalized selection model is presented in Table 10 .
Prevalence of informal work
Based on the GH model we estimated the magnitude of informal employment in Polish registered enterprises. Our results show that 5.67% (4.59,7.10) of companies active in 2016 employed at least 1 person off the books (Table 4) . In absolute terms, the number of such companies was estimated at 49,404 (39,994, 61,864) , which is a significant part of the Polish economy. Given that this is the first study in Poland attempting to estimate the prevalence of informal employment in Poland based on company level administrative data, this figure cannot be compared with past results.
To put our findings in the context of what is currently known about the phenomenon, they can be compared with existing direct estimates of informal activities in Poland, which indicate that 7.4% of economically active people reported working without a formal agreement (Human Capital Balance, 2017) , while according to survey results produced by Statistics
Poland, this level is lower: only 4.5% of the total number of workers are employed without a written contract (Statistics Poland, 2015) . The Eurobarometer survey (2013) indicates that 3% of employees carried out undeclared paid activities, in addition to regular employment. (European Commission, 2014) . In contrast, the newest indirect estimates suggest that the shadow economy accounts for 11.4% of Poland's GDP (Dybka et al., 2019) . Given that direct measures tend to be underestimated and taking into account numerous biases related to indirect estimates, as well as discrepancies between these methods, further methodological development is probably required. Because our method is able to overcome many of the biases related to survey studies, it can provide a new reliable measurement of the shadow economy in Poland, and could be applied to other economies.
We also checked the stability of our results and the selection of instrumental variables by applying the following sensitivity analysis. For the model selected based on information criteria we calculated 8 new models with different sets of variables for the selection and outcome model. Table 5 presents results of the robustness checks.
Whether the district random effect is included in both selection and outcome models or only in the outcome model has no effect on the estimated prevalence of informal work. This suggests that we correctly specified district as an instrumental variable for the selection mechanism. Removing another instrumental variable, i.e. complaints, does not change the results significantly. On the other hand, the exclusion of two variables, i.e. NACE section and company size, from the outcome model leads to an increase in the prevalence of informal employment to over 12% and 18%. Note: ind -industry (NACE rev2), size -company size, re(distr) -random effect for district, complaints -number of complaints (at district level), s(unemp) -spline registered unemployment (at district level).
Conclusion
The problem of informal employment is gaining more and more attention from researchers and policy makers. However, because of the clandestine and heterogeneous nature of this phenomenon, methodological approaches used to measure the prevalence of informal activities are still in need of further development. Existing direct methods based on survey data, which tend to measure the lower bound of informal employment, are very rare owing to high implementation costs. Moreover, given the sensitive nature of the subject, survey responses may be dishonest and give biased results.
Against this background, in this study, we aimed to estimate the prevalence of informal employment in Poland using administrative data. To do this, we employed company level We estimated that the problem of informal employment occurred in almost 6% of Polish registered enterprises. This figure cannot be compared with previous results because of the lack of comparable company level studies. However, reviewing past evidence on informal employment in Poland, it can me assumed that our estimates are reliable. Moreover, as far as we know, ours is the first study of informal employment to make use of administrative data, which makes our estimates unique and is an incentive to continue research in this field. Labour inspectors have the right to conduct, without prior notice, on-site inspections to check compliance with the labour law in all economic entities where work is executed by natural persons. In cases of violations of employees' rights, labour inspectors have the power to impose a fine or to lodge a complaint with a labour court in order for the offender to be sanctioned. Therefore, data collected by PIP is expected to be of high quality since it is based on the labour law and involves cases of true non-compliance with the labour regulations.
APPENDIX
Employees audited by PIP are linked to the main head office of inspected companies, not to their the place of residence. Therefore, estimates based on these data cannot be 
A.2 Data preparation
The prevalence of informal work was estimated as follows. First, we processed the raw data to correct erroneous records (i.e. companies where the number of informal workers was higher than the number of audited employees) and missing data concerning location (4 records), NACE codes (5 records) and the number of employees (8 records). Second, we disregarded sections B, D and O because of the low number of companies. Third, we adjusted the number of employees to meet the definition used in the ZUS data. The PIP data contained information about the number of employees based on the REGON register, which was outdated. Taking into account the number of audited employees we updated the actual number of employees. As a result of data processing the initial number of companies was reduced from 26,261 to 25,901. Finally, as we did not have access to unit-level data with identifiers, we decided to concatenate data from PIP and ZUS. The output file with selected records and columns containing data used for the estimation is presented in Table 6 . Each row represents companies with a certain combination of characteristics (variables): location (District), NACE section (Industry; 16 levels), number of employees (Size; 4 codes: to 9, 10-49, 50-249, over 250), whether a company with a certain combination of variables was included in the PIP sample (Selected) and whether it employed at least one person illegally (Informal) .
Column N indicates the number of companies with a given combination of characteristics; all rows sum up to the size of the population. For instance, the last three records show that within the group of companies located in district 1, conducting activity classified into section F and employing up to 9 employees, 188 were not selected for inspection, 4 were selected and 3 of them employed at least one person informally.
A.3 Definition of the contribution payer
A payer of social insurance and/or health insurance contributions is a legal person, an organizational unit without legal personality or a natural person who is obliged to pay contributions for insured persons, and in the case of individuals, also for themselves. Thus, contribution payers include entities paying remuneration for work or services provided on the basis of membership in agricultural production co-operatives, or under contracts of mandate, contracts for specific tasks, agency agreements, out-of-service contracts and other types of contracts involving payment of remuneration. The category of contribution payers also includes social welfare centers -with respect to persons receiving social assistance benefits, district labor offices -in relation to the unemployed, the Social Insurance Institution -in relation to persons receiving maternity benefits or benefits in the amount of a maternity benefit (definition according to the The Polish Social Insurance Institution). 
B Details about the National Labour Inspectorate
B.1 Descriptive statistics
